Groundwater management in the Great Artesian Basin (Australia) is challenging due to the large areas and heterogeneity of sequences involved. This challenge has often been addressed with up-scaled conceptual models; however, where there is significant heterogeneity or local competing groundwater uses, more detail is required. When good understanding of heterogeneity within sequences is not available, the upscaled approach can lead to a disparity between model predictions based on homogenisation inherent in upscaling and the observed behaviour of heterogeneous systems, leading to bias in results. This requires improved conceptual resolution of these heterogeneous systems. Geological data are often insufficient to achieve the required resolution. This paper reports on the use of hydrochemical data from existing bores in the Walloon subgroup of the Surat Basin, using compositional data analysis techniques to refine the unit description. The approach moves beyond simple hydrochemical characterisations of water type via conventional hydrochemical interpretations to use a combination of centredand isometric-log ratios to describe discrete end members. The results show that, despite similar water types, the upper Juandah and lower Taroom coal seams of Walloon subgroup are distinguished by an inverse relationship between ions Cl − , Ca 2+ , Mg 2+ , Sr 2+ , Li − and H + and ions HCO 3 − , F − and B 3+ , and by an isometric log ratio that describes the balance between the activities of Cl, H + and HCO 3 . These relationships suggest that higher-resolution conceptual models based on flow paths mapped from hydrochemical data can form the basis for refined groundwater models that address both heterogeneity and regional model domains.
Introduction
Groundwater use and management is governed by the conceptual understanding of the source aquifers. In large sedimentary basins with competing water users, the ability to predict and manage water use between aquifers will be dependent on the resolution of the understanding of aquifer water flow.
The Great Artesian Basin in Australia is an example of this; it covers approximately 1.7 M km 2 and even subbasins such as the Surat Basin cover very large areas (270,000 km 2 ; GABCC 2014; Habermehl 2019) . Historically, assessment of the sustainability of groundwater usage and its impact on this very large system has concentrated on the relatively homogeneous sandstone units targeted for potable and agricultural uses. This has inevitably led to large upscaled descriptions and conceptual models of these systems. Gianni et al. (2018) showed that the disparity between upscaled modelled realisations (of homogeneous units) and heterogeneous systems can result in biased model outcomes, and hence the importance of being able to identify hydrogeological regimes to form the basis of scaling of conceptual models to minimise such biases.
Published in the special issue "Advances in hydrogeologic understanding of Australia's Great Artesian Basin"
In the Surat Basin, the advent of coal seam gas (CSG) development has driven the need to assess the impact of drawdown on both the groundwater system and existing users of the system. The heterogeneity of the Walloon subgroup, also known as the Walloon Coal Measures (WCM), which is the main stratigraphic target for CSG extraction in the Surat Basin, has been recognised as a problem when deciding how to construct reservoir models in order to predict long-term CSG production (Shields 2017) . The absence of widespread maker horizons has made interpretation of layers for flow paths problematic and hence has resulted in a broad upscaled approach in regional groundwater modelling. This problem applies not only in the WCM but it is also recognised as an issue in demarcation of the overlying Springbok Sandstone and the WCM.
To date, conceptual and numerical models of the Surat Basin for management and assessment of the impacts of CSG have used upscaled representations of the WCM coal reservoir (QWC 2012; OGIA 2016) . These have represented the highly heterogeneous coal reservoir with firstly a single coal layer (QWC 2012) and later with six vertically averaged and upscaled layers (OGIA 2016) . The uncertainty about the heterogeneity of the unit has been provided as a reason for why more explicit representations have not yet been implemented. Models of other regions have used a lithologically segregated approach with units representing different geological units. The Powder River Basin model (Summers 2017) uses separate layers for coal rich versus mixed coal/ interburden units and has evolved to better use monitoring data by removing some layers of less importance to the goals of the model, while a model of the San Juan basin (Kernodle 1996) also used a hydrostratigraphic approach.
Prior examples of the need to reevaluate conceptual models include the work by Hodgkinson and Grigorescu (2012) which identified groundwater flow path trends in the Hutton Sandstone in the northern Surat Basin that were the reverse of the previous conceptual models. These findings have subsequently been coupled with hydrochemical data to confirm the prior findings and indicate further complexity of flow systems (Underschultz and Vink 2015) . The Hutton Sandstone is a relatively straightforward unit to conceptualise and discretise compared to the highly heterogeneous WCM. As development progresses, there comes about the need to progress beyond the initial broad upscaled models due to the desire for more detailed understanding of the system. This is required to answer more detailed questions that may come from stakeholders as well as the need for CSG companies to demonstrate a continuing expansion of knowledge of the system to maintain a social licence to operate. At the same time new detailed hydrochemical data have become available from the CSG proponents to support a more detailed conceptual understanding.
Hydrochemical data have the potential to define groundwater types. Where methods such as Piper diagrams or Schoeller diagrams have not been able to discern differences in variable hydrochemistry, principal component analysis has identified hydrochemical clusters (Ransley et al. 2015) . Other prior work has identified hydrochemical water types through multivariate assessment of hydrochemical data on a regional or subregional basis King et al. 2013; Moya et al. 2015; Raiber and Cox 2012) .
Hydrochemical data are compositional in nature in that they comprise parts that sum to a whole. Changing one part, e.g. a parameter concentration or a ratio between two parameters implicitly changes the entire hydrochemical composition. Compositional data analysis has been shown to be mathematically sound and a robust means of avoiding spurious correlation that is caused by scaling and which can occur using more conventional analytical techniques (Pawlowsky-Glahn and Buccianti 2002; Pawlowsky-Glahn and Egozcue 2006) . Despite these advantages, earth science disciplines have been slow to adopt these techniques. Seminal work by prominent authors has shown that compositional data analysis can be used to identify trends, clusters and processes that cannot be readily ascertained by conventional techniques such as Piper diagrams or Schoeller plots, or multivariate statistics on untransformed compositional data (Pawlowsky-Glahn and Buccianti 2002; Buccianti and Pawlowsky-Glahn 2005; Pawlowsky-Glahn and Egozcue 2006; Buccianti 2011a Buccianti , b, 2013 .
Newly available data provide the opportunity to substantially extend previous compositional analysis (Owen et al. 2016b) and this paper provides a case-study demonstration of how hydrochemistry, including indicators described by compositional data techniques, can be used to refine the conceptual understanding of Great Artesian Basin water-bearing u n i t s a n d c o n t r i b u t e t o r e f i n e m e n t o f e x i s t i n g conceptualisations.
The paper aims to use the WCM as a case study example of Great Artesian Basin aquifers to: 
Study area
The regional hydrogeology and the stratigraphy of the WCM discussed here is described in Habermehl (2019, this issue) .
The study area lies in the Surat Basin, a subbasin within the Great Artesian Basin (Fig. 1 ). The WCM sits in the middle of the stratigraphy of the Surat Basin (Fig. 2) . The zones of CSG production in the WCM are overlain by interbedded aquitards that form the upper part of the WCM and are underlain by the aquitards of the Eurombah/Durabilla formation. These WCM units (Walloon subgroup in Fig. 3 ) are in turn overlain by the Springbok Sandstone (itself generally a unit with low permeability) and underlain by the Hutton Sandstone aquifer. The WCM is a sequence of siltstone, mudstone, fine-to-mediumgrained lithic sandstone, and coal. The coal layers form about 10% of the total thickness of the WCM unit and they are mostly thin discontinuous layers. As a whole, the WCM is considered to be an aquitard; however, the coal seams are generally the more permeable units. Due to the heterogeneity of the WCM, water pressure data in the WCM are not always consistent enough to indicate flow paths.
Methodology

Data collection
This paper refers to the WCM and the major Juandah and Taroom subunits (Fig. 3) , and the study uses hydrochemical data collected from CSG production wells located in the eastern Surat basin. These wells produce gas and water from the WCM and include those wells producing gas and water primarily from the Juandah subunit, wells producing primarily from the underlying Taroom subunit and comingled wells producing from both of these.
The results presented in this paper are based on the following datasets: All samples were taken at the well head prior to the gas separator. The production wells operate continuously and were considered purged prior to arrival on site.
Sample collection follows the methods outlined in Owen et al. (2016a) , summarised as follows: Groundwater samples were analysed for pH, dissolved oxygen (DO), specific conductivity (conductivity) and temperature using a YSI physicochemical meter in the field (YSI Professional Plus). Samples for dissolved CH 4 were collected in 40-ml glass vials with rubber septums and no headspace, and preserved with sulphuric acid. Cation and dissolved metal samples were preserved in the field using HNO 3 to pH < 2. All water and dissolved gas samples were placed on ice immediately after sampling and were stored at~4°C until analysis.
Water samples were analysed in the laboratory for major and minor ions (APHA 2320; APHA 3125B), and Br (APHA 4110 B), Fe and Mn (APHA 3125B ORP/ICP/MS Octopole Reaction Cell). Bicarbonate values are reported as bicarbonate alkalinity. All major and minor ions were analysed within 7 days of collection in the field. Each dataset includes a different suite of parameters. Table 1 outlines the suite of parameters and the well screen targets for each dataset.
To maximise the number of samples, the datasets outlined in Table 1 were appended at different stages of the analysis as follows:
1. Appending of the 2016 and 2015 datasets to characterise hydrochemical and isotopic end members 2. Appending of the 2016, 2015 and Historical datasets to test the effectiveness of selected hydrochemical parameters to distinguish between Juandah-and Taroom-derived water
Data preparation
Charge balances for hydrochemical data were assessed prior to analysis; data with charge balances >5% error were discarded (2016 dataset: n = 2 Juandah samples; historical dataset: n = 4 Juandah and n = 3 comingled samples).
Converting ion concentrations to ion activities
Groundwater pH measurements reflect the negative log activity of the hydrogen atom (Eq. 1): this determines the acidity or alkalinity of the sample and it is related to the amount of dissolved CO 2 and hydrogen in the groundwater.
where [H + ] represents the ion activity of hydrogen. The ion activity of hydrochemical data, including H + , is used in analyses. The ion activity of an ion species, put simply, is a value that is corrected for the ion's electronic charge, salinity (total ions), and the speciation of all ions in water: these attributes of a hydrochemical sample can change the actual amount of free ions in the water (Appelo and Postma 2010) . The activity of H + can be easily calculated by rearranging Eq. (1). For this study, the ion activity for each hydrochemical parameter was calculated using PHREEQC (PHREEQC Interactive, version 3.1.1-8288). This procedure is easily repeatable by downloading the freeware PHREEQC program and including pH and temperature data in the calculations. The program provides an output which lists the ion activity of all ions, including H + .
The historical dataset does not contain temperature data. To address this, the average temperature of the Juandah and Taroom wells respectively (derived from the appended 2016 and 2015 dataset) was used. This sets the temperature of the Juandah and Taroom wells in the historical dataset at a fixed value. Consequently, when appending the historical dataset with the other datasets, the fixed temperatures need to be applied to the entire appended dataset (i.e. to 2016 and 2015 data) and the ion activities recalculated (the ion activity is temperature dependent).
Data analysis approach
The detailed description of the compositional data analysis and the methods for calculating log ratios is provided Fig. 1 The study area within the Great Artesian Basin (GAB), Australia alongside the results in section 'Analysis methods and results', in order to elucidate the application of the methods. Here, only a summary of the analysis approach is given.
A "composition" here means a set or vector of variables within a defined sample of water. The "matrix" is then the matrix defined by multiple samples. Conventional hydrochemical data assessments often use ion ratios, which represent a proportion of the whole composition. These conventional techniques are intuitive and common, but they are prone to introducing spurious correlations caused by scaling (Pawlowsky-Glahn and Egozcue 2006) . Compositional data analysis techniques remove this spurious correlation by converting data to log-ratios. The disadvantage of this method is that it requires some data processing and results are not always intuitive. However, compositional techniques can offer a means of identifying unique relationships or proportions between parameters, which is not possible using conventional techniques. For example, the calculation of isometric log-ratio balances (ilr) allows many different parameters and their relative proportions to be used simultaneously, which is advantageous for characterising end members (Owen et al. 2016a) .
In this study, for completeness, and in order to demonstrate the applicability of compositional data analysis techniques, both conventional approaches and compositional approaches to data analysis are used. When discussing data within the context of the transformations used in compositional data analysis, the data are called "variables" to distinguish them from the original concentration values. The ability of each method to: (1) delineate end members; and (2) provide accurate estimations of mixing in binary mixing models is discussed. This paper does not present Piper plots, or Schoeller plots or other conventional hydrochemical plots: the drawbacks and challenges to using these approaches for large hydrochemical datasets and, specifically, for Surat Basin groundwater have included the inability to distinguish between similar water types and their inability to address more than three or four components of the composition in the simplex. This is discussed in detail in Owen et al. (2016b) . 
Data interrogation and presentation
Centred log-ratio (clr) biplots and ilr balance dendrograms (see the following sections) were calculated using CodaPac version 2.01.15 (Comas-Cufí and Thió-Henestrosa 2011).
Analysis methods and results
Characterising end-member indicators
Prior to any end member mixing being assessed in comingled wells, the end members of Juandah and Taroom production water need to be characterised. The following stepwise approach was used to investigate a range of parameters and their effectiveness for characterising groundwater and gas in Juandah and Taroom coal measures:
Step 1. Determine the hydrochemical parameters that best distinguish between Juandah and Taroom water/gas
Step 1.1. Use centre-log ratio biplots to visualise data separation of parameters as variables.
Step 2.1. Test separation of intuitive isometric-log ratios (ilr) derived from the centred-log ratio biplots in ilr dendrograms.
Step 2. Test the statistical significance of the relation between these variables and a binary classification of the two coal measures using logistic regression analysis Step 3. Test the predictive ability of the logistic regression models
Hydrochemical indicators
Centred log ratio biplots: determining hydrochemical partitions
The centred log ratio (clr) is useful for understanding the behaviour of certain variables with respect to all variables in the composition. The clr transformation is obtained by dividing components by the geometric mean of the parts and then taking the log ratios (Sing et al. 2005; Aitchison 2003 ). 
x 1 , x 2 , ...., x D are the compositional values for a parameter. g(x) is their geometric mean, defined by:
The clr transformed data are particularly useful for constructing biplots to represent an approximation of the variability (here variability encompasses both variance and covariance) within the composition.
The clr-biplot is a biplot performed from data that have been subjected to clr transformation. Variables are subjected to singular value decomposition of the log ratio matrix to derive the biplot coordinates. The variance of each variable may be shown as lines (rays) radiating out from the origin (O); the longer the ray the greater the variance (Pawlowsky-Glahn and Egozcue 2006) . For example, Br in Fig. 4a has the greatest variance. Highly correlated variables point in the same direction, while uncorrelated variables are orthogonal to each other. So in Fig. 4b , Cl, Li, Mg, Sr, and Ca are correlated as are H 4 SiO 4 , H 3 BO 3 and HCO 3 . Figure 4 shows the clr biplots for two different combinations of hydrochemical parameters from the 2016 dataset: PC1 and PC2 including Br (Fig. 4a ) and PC1 and PC2 excluding Br (Fig. 4b) . For clr-biplots it is important to understand that they represent variability with respect to the whole composition. Interpretation of rays as indicators of variance of one single part in isolation should be avoided. A common reference point, however, is the cumulative explained variance of each principal component; this provides information on how well the variability in the dataset can be condensed into a more "compact" description. For the purposes of characterising end members, principal components that explain a high degree of variability and provide separation between the Juandah and Taroom coal measures are the most useful. These can be explored to rapidly assess ion ratios and isometric log ratios that may be used as end member indicators.
In this case, the maximum percentage of variability a principal component explains is 79% (PC1). The ray for bromide (Br) in Fig. 4a indicates that Br has high variability and does not align strongly with either PC1 or PC2. When Br is removed, PC1 of the clr transformed data explains 89% of variability. These clr biplots also show good separation between Juandah and Taroom coal measures, with a partition between Cl − , Li + , Mg 2+ , Ca 2+ , Sr 2+ and H + ion activity from HCO 3 − , F − , H 3 BO 3 (boric acid, derived from boron mg/L), H 4 SiO 4 (silicic acid, derived from reactive silica mg/L) ion activity. This partition of parameters is the result of inverse relationships between these parameters and pH that are typical of WCM production water (Baublys et al. 2015; Owen et al. , 2016b . In this study, the partition is expanded to include the trace elements Li, B and Sr. Figure 5a-f show some examples of these inverse relationships between parameters. In these plots, the differences in concentrations of certain ions in the Juandah and Taroom production water is obvious, with Juandah production water having higher Cl, Ca, Mg, Sr and Li concentrations and Taroom production water having higher HCO 3 , F, B, SiO 2 concentrations and higher pH. Figure 5f highlights the variability in Br concentrations, with some samples showing very low Br concentrations (see i in Fig. 5f ). While Br concentrations in the Taroom production water are typically lower than in Juandah production water, there is variability within Isometric log ratios: assessing the most effective hydrochemical partitions
The use of the geometric mean in Eq.
(2) means that clr values of one dataset are relative and reflect variance of all parts in the dataset (in this case parts = parameters). As a result, individual clr values cannot be interpreted in isolation, and subsequently, while clr biplots are useful for understanding variability within a dataset, as outlined in the preceding, individual clr components are not appropriate as end member indicators. However, the clr biplot results can be used to intuitively develop isometric log ratio (ilr) balances which can be used to characterise hydrochemical end members. In this section the objective is to identify individual ilr balances that best separate Juandah and Taroom production water. The ilr transformation relies on a sequential binary partition (SBP) of the parts in the dataset. As shown in Table 2 , the SBP chosen for analysis was the balance between Cl, Li, Ca, Mg, Sr and H + and the group of parameters HCO 3 , F, H 3 BO 3 and H 4 SiO 4 . These were chosen because the clr-biplots indicate there is a relationship between parameters within each of these groups; hence as shown on line z1 of Table 2 , these parameters are split into two groups signified with +1 and −1 values. Line z2 continues the SBP with the aim of assessing the balance between Cl and H + against the rest of the parameters in the positive group of z1. In line z3 the balance between Cl and H + is assessed. This is continued through the table showing the assessment of different parts against each other.
Once a sequential binary partition is described, each ilr balance is computed as
where ∏ is the product of the logarithms of the parts of the composition x, while r i and s i are the number of parts coded in the sequential binary partition as +1 and −1, respectively. The products subscripted + and -are extended to the parts x j respectively marked with +1 and −1 in the sequential binary partition. The ilr approach allows compositions including all parameters and subcompositions including a part of the overall composition to be compared (Egozcue et al. 2003) . This partition in the preceding (Table 2 ) uses all parameters, with the exception of Br, but it is not necessary to always use all the parameters.
For simplicity, ilr balances in the remainder of the document are referred to using the relevant binary partition (balancing element). For example, an ilr balance described by the balancing element z 5 is written in a colloquial form as ilr.Ca*Sr/Mg (where * represents ×), while an ilr balance calculated using the balancing element z 3 is ilr.Cl/H + .
Balance dendrograms were then used to assess how effective each ilr balance is at separating Juandah and Taroom production water, following their description in Pawlowsky-Glahn and Egozcue (2011) and their application in Owen et al. (2016b) . Vertical coloured lines represent the variability of the ilr balance for Juandah and Taroom coal measures, while box plots show the mean and ilr maximum and minimum for the dataset. An ideal ilr balance for use as an end member indicator would have low variability (small vertical bars) and separation of ilr balance means and, if possible, sample minimum/ maximum. The balance dendrograms perform this analysis of ilr balances for each separate ilr derived from the sequential binary partition. However, because the aim here is to identify an individual separating ilr balance, the first ilr (i.e. the first junction in the dendrogram) generally represents the ilr in question for this exercise. Figure 6 shows the results of two balance dendrograms: Fig. 6a shows a full part composition composed of the partitioning parameters identified in Figs. 3b and 6b shows a subpart composition comprised of Cl, HCO 3 and H + only. Using trial and error, the full part composition represented in Fig. 6a was reduced to smaller and smaller subcompositions by removing parameters from the binary partition. Note from Fig. 6b that this has resulted in an improvement in separation of the sample population (horizontal bars and box plots) of the Juandah and Taroom production water. The most distinct separation occurred using the simple partition of Cl, HCO 3 and H + . This indicates that the variability of Cl and HCO 3 between the two coal measures is a fundamental attribute that can be used to characterise the end members. The variability of other parameters in the Juandah and Taroom coal measures appears to be driven by the relative abundance of Cl and HCO 3 parameters (Fig. 5) .
This simplicity is advantageous for future applications because it means major ions can be applied to assess mixing. Major ions are likely to be sampled more regularly than other minor or trace element parameters, are routine analysis at most hydrochemical laboratories, and may also be available in historical datasets, thus allowing temporal changes in mixing to be assessed.
Logistic regression analysis of hydrochemical end-member characteristics
This section documents statistics from logistic regression analysis and receiver operating characteristic (ROC) curves, which provide two lines of evidence that the models are valid. ROCs are a form of objective measurement tool that illustrate a comparison of two datasets. Logistic regression tests linear models of the relationship between the log odds and the predictor variables (Lin 2016) hence testing the probability of predicting a categorical variable (in this case, Juandah and Taroom production water). Table 3 provides a summary of the logistical regression analyses. Models with a combination of statistically significant (P < 0.05) coefficient (predictor variables), statistically significant model fit (chi-squared P value <0.05), low AIC (Akaike information criterion) values, and high log-likelihood values may be considered to be "better" models. Table 3 shows that all predictor variables were statistically significant with a coefficient P value of <0.05. The relationship of Cl and HCO 3 both as compositional data and as the corresponding ilr provided the lowest P values and are considered the best indicators. While the Cl/HCO 3 compositional ratio can now be used on its own if required, the concurrent significance of ilr.Cl*H + /HCO 3 indicates that the latter may provide a predictor that is less at risk of being spurious.
Obvious distinctions in HCO 3 and Cl concentrations occur between the Juandah and Taroom production water, and the best model fit when HCO 3 mg/L is used alone as the predictor variable indicate this is best means of characterising Juandah and Taroom production water. While compositional data provide a statistically significant binary predictor, the presence of the ilr also as a statistically significant indicator gives confidence that the compositional relationship is not influenced by spurious correlations. Demonstrating the significance of HCO 3 (mg/L) has implications for assessing future mixing of Juandah and Taroom production water, because it allows the end members to be characterised by a single major ion that is easily sampled and measured, and which does not require additional data preparation to apply.
Testing the application of binary predictors: assessing model fit
Prior to assigning a hydrochemical attribute to characterise Juandah and Taroom production-water end members, the predictive abilities of the logistic regression models were tested. This exercise demonstrates the application of the hydrochemical attribute to delineate the end members. To achieve this the 2016, 2015 and historical datasets were appended and then split into two subsets, A and B, each with the same number of randomly selected samples. Subset A was used to fit the model, while B was used to test the model on new data using ROC curves and the corresponding AUC values. The fixed temperature values for Juandah and Taroom production water were obtained from the mean temperature for Juandah and Taroom production water from the appended 2016-2015 dataset, which is equal to 29.0 and 30.7°C for Juandah and Taroom production water respectively. The predictor variables used to construct the logistic regression models are the significant predictors identified in Table 3 .
The results of the ROC curves for the constructed and tested logistic regression models are shown in Fig. 7a -i. As shown in Table 3 , the predictor variables outlined in Table 2 , remained significant, using the new appended dataset. The model using HCO 3 (mg/L) as the predictor variable, however, did not achieve complete separation, and was therefore able to be used without bias reduction. Complete separation is a phenomenon that occurs in logistic regression modelling where the predictor model separates the binary groups completely. While this is a good result conceptually, it prevents the logistic model from being tested due to the coefficient of the variable being extended to infinity. The problem is overcome using bias reduction logistic regression. When the models were tested on the reciprocal data subset, all predictor variables maintained good ROC curves with high AUC values, demonstrating the applicability of these predictor variables to distinguish between Juandah and Taroom coal measures with new datasets. As a general rule, the AUC of ilr.PC1 and ilr.Cl*H + /HCO 3 appear more consistent between datasets. However, the Cl/HCO 3 ratio (from mg/L), Cl (mg/L) and HCO 3 (mg/L) also appear to be effective indicators, with HCO 3 being less reliable between datasets and pH being the least reliable predictor overall.
The method of using the ion activities, as opposed to mg/L, allows the informative H + ion to be used in compositional calculations. Once indicator parameters are found, the use of multiple ion relationships (as indicated in Fig. 5 ) to support a 
hypotheses (i.e. that hydrochemistry does vary with depth, and hence can support conceptual refinement) is recommended for basin-wide studies, as the hydrochemistry can vary across an area as indicated by other studies (Baublys et al. 2015) , and reliance on one ion for a dataset covering a large area may cause spurious results.
Discussion and conclusion
The refinement of a conceptual model of the WCM for use in groundwater models has been challenging because of the heterogeneity of the coals that are the focus of groundwater extraction for the CSG industry, and hence the source of data collected by the industry. Geological representations have used stochastic methods to represent these heterogeneous coals; however, these representations may generate significant structural uncertainty when groundwater pressure data are attributed to them for groundwater modelling. The ability of compositional data analysis methods to identify which bores are in the upper or lower subunits means that pressure data can be allocated to a subunit consistently and these subunits can represent a conceptual model consistent with the data, thus minimising this facet of model uncertainty. The trends of hydrochemistry with depth suggest that with more refined sampling even further refinement may be possible in the future. Prior work shows other units (i.e. Hutton Sandstone, Gubberamunda Sandstone) in the GAB also have several hydrochemical water types and similar refinement of hydrochemistry may identify differences in permeable intervals. Groundwater use and management is governed by the conceptual understanding of the source aquifers. With the advent of CSG development a large amount of new data has been collected by the industry, providing information to understand the GAB in more detail. This paper seeks to assess whether hydrochemistry can be used to enhance the understanding of highly heterogeneous units and contribute to refinement of existing conceptualisations for use in groundwater models.
Hydrochemical distinctions between Juandah and Taroom production water were investigated using a novel application of compositional data analysis techniques. While conventional water type characterisations would describe both Juandah and Taroom groundwater as Na-HCO 3 or Na-Cl-HCO 3 water types, the compositional data analysis shown here indicates that the two sources are distinguished from each other by a unique partitioning of parameters which is driven largely by a Complete separation achieved (model cannot run) and so a bias reduction logistic regression was applied (Firth 1993) an inverse relationship between HCO 3 (bicarbonate) and Cl (chloride) parameters, but also an inverse relationship between the number of trace elements, including Li and B. From the statistical analyses undertaken it is clear that all of the tested predictor variables shown in Table 3 are statistically significant in distinguishing between Juandah and Taroom production water. Logistic regression analyses demonstrated that the most effective end-member classifiers of Juandah and Taroom production water were an isometric log ratio of Cl*H + /HCO 3 (where ions represent the ion activity in solution) and the conventional ratio of Cl/HCO 3 (where parameters are in mg/L). The use of these together guards against potential effects from spurious correlations in compositional datasets.
This provides a hydrochemical discretisation of the Surat Basin's highly heterogeneous WCM sequence where heterogeneity makes geological interpretation and conceptualisation difficult. More generally, this approach illustrates the applicability of information on the proportionality of parameters to distinguish hydrochemical end members within and between aquifers. Hydrochemical data analysis via compositional data analysis techniques is a powerful and mathematically robust means of contributing to higher resolution conceptualisation of heterogeneous systems, not only in the large sedimentary basins of the GA, but also in other sedimentary basins worldwide.
The paper also shows that higher-resolution hydrochemical data can improve conceptual understanding of heterogeneous systems. This type of data should be collected where possible in the future, as opposed to solely collecting detailed geological data or broad characterisations of hydrochemistry at aquifer scale. Fig. 7 a-l Receiver operating characteristic (ROC) curves for statistically significant predictor variables for constructed models, and the corresponding ROC curves for tested models using 2015-2016 historical appended dataset
